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ADAPTIVELY MODIFYING DIALOG
OUTPUT BY AN ARTIFICIAL
INTELLIGENCE ENGINE DURING A
CONVERSATION WITH A CUSTOMER
BASED ON CHANGING THE CUSTOMER’S
NEGATIVE EMOTIONAL STATE TO A
POSITIVE ONE

CROSS-REFERENCE TO RELATED
APPLICATIONS

The present patent application 1s a continuation-in-part of

U.S. patent application Ser. No. 17/184,207, filed on Feb.
24, 2021, entitled “DETERMINING ORDER PREFER-
ENCES AND ITEM RECOMMENDATIONS”, which is
incorporated by reference herein 1n its entirety and for all
purposes as 1 completely and fully set forth herein.

BACKGROUND OF THE INVENTION

Field of the Invention

This invention relates generally to systems to automatic
speech recognition and, more particularly to modifying an
output of an automated speech recognition system using
machine learning.

Description of the Related Art

Restaurants face many challenges. One challenge 1s to
hire and retain employees. One way to reduce the number of
employees 1s to enable ordering over voice channels (e.g.,
phone orders, drive through, and the like) by integrating a
voice-recognition platform into the restaurant’s communi-
cation system. However, most voice-recognition platforms
suller from 1ssues that annoy and/or frustrate customers. For
example, the voice-recognition platform may converse with
a customer at the same pace, regardless of whether the
customer 1s in a hurry and wants to quickly place an order
or whether the customer 1s unfamiliar with the menu and
wants more time to understand the menu while ordering. As
another example, the voice-recognition may ask the cus-
tomer to confirm each selection before advancing.

SUMMARY OF THE INVENTION

This Summary provides a simplified form of concepts that
are further described below 1n the Detailed Description. This
Summary 1s not intended to 1dentify key or essential features
and should therefore not be used for determining or limiting
the scope of the claimed subject matter.

In some examples, a server may receive an utterance from
a customer. The utterance may be included 1n a conversation
between the artificial intelligence engine and the customer.
The server may convert the utterance to text and determine
a customer 1ntent based on the text and a user history. The
server may determine a user model of the customer based on
the text and the customer intent. The server may update a
conversation state associated with the conversation based on
the customer intent and the user model. The server may
determine a user state based on the user model and the
conversation state. The server may select, using a reinforce-
ment learning based module, a particular action from a set
of actions, the particular action including a response and

provide the response to the customer.

BRIEF DESCRIPTION OF THE DRAWINGS

A more complete understanding of the present disclosure
may be obtained by reference to the following Detailed
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2

Description when taken in conjunction with the accompa-
nying Drawings. In the figures, the left-most digit(s) of a
reference number 1dentifies the figure 1n which the reference
number first appears. The same reference numbers 1n dif-
ferent figures indicate similar or 1dentical 1tems.

FIG. 1 1s a block diagram of a system that includes a
server 1o host one or more artificial intelligence (Al) engines
to engage 1n a conversation with a customer, according to
some embodiments.

FIG. 2 1s a block diagram of a natural language processing,
(NLP) pipeline, according to some embodiments.

FIG. 3 1s a block diagram that includes an Al engine to
adaptively modily responses while interacting with a cus-
tomer, according to some embodiments.

FIG. 4 1s a block diagram that includes a machine learning,
algorithm to modily a text-based representation of one or
more utterance(s), according to some embodiments.

FIG. 5 1s a flowchart of a process that includes determin-
ing a reward and adjusting an Al, according to some
embodiments.

FIG. 6 1s a flowchart of a process that includes determin-
ing a user model associated with a customer, according to
some embodiments.

FIG. 7 1s a flowchart of a process that includes selecting
a next action from a set of possible actions, according to
some embodiments.

FIG. 8 1s a flowchart of a process that includes modifying
an Al based on a reward, according to some embodiments.

FIG. 9 illustrates an example configuration of a comput-
ing device that can be used to implement the systems and
techniques described herein.

DETAILED DESCRIPTION

U.S. patent application Ser. No. 17/184,207 describes a
system 1 which a machine learning algorithm (e.g., an
artificial intelligence (Al) engine) monitors a conversation
between a customer and an employee at a restaurant. As the
system 1s monitoring the conversation, the system interacts
with a point-of-sale (POS) terminal to add, subtract, modity,
or any combination thereof the contents of a cart. For
example, 1f the customer 1s placing an order for one or more
food 1tems, the system may automatically add contents to the
cart based on the customer’s voice mnput. To 1llustrate, 11 the
customer says “Iwo large pepperoni pizzas”™ then the system
automatically (e.g., without human interaction) adds two
large pepperomi pizzas to the cart. Thus, the employee
verbally interacts with the customer, without interacting
with the point-of-sale terminal, and with the system inter-
acting with the point-of-sale termunal. The employee
observes the system moditying the contents of the cart while
the employee 1s verbally interacting with the customer. The
employee may interact with the point-of-sale terminal to
make corrections 1f the system makes an error. The system
may provide upsell recommendations to the employee to
provide to the customer. The upsell recommendations may
include increasing a size of an 1tem ordered by the customer
(e.g., “Would you like an extra-large instead of a large for
just two dollars more?””, adding an 1tem (e.g., “Would you
like to add something to drink?”), or both. The upsell
recommendations may be provided to the employee via, for
example, audibly (e.g., via an earpiece) or visually (e.g.,
displayed on the point-of-sale terminal). In addition, the
system may be used to train new employees by prompting
them as to what to say to the customer during a conversation
to take an order. The conversation data 1s collected and used
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to train the Al engine to enable the Al engine to interact with
customers 1 a human-like conversation.

The systems and techniques described herein use Rein-
forcement Learning (RL) (or similar type of machine leamn-
ing) to enable the Al engine to adapt to individual customers
while the Al engine 1s engaged 1n a conversation with each
customer. In RL, software agents (e.g., instances of the Al
engine) take actions to earn a largest cumulative reward.
Unlike supervised learning, RL may not use labelled input/
output pairs. RL find a balance between exploration (e.g.,
uncharted territory) and exploitation of current knowledge.
In RL, the software designers create an environment in
which desired behaviors are rewarded and negative behav-
iors are punished. For example, positive values may be
assigned to desired actions to encourage such actions and
negative values may be assigned to undesired behaviors to
discourage such actions. In this way, each solftware agent
secks a long-term and maximum overall reward. The long-
term goal 1s designed to prevent the software agent from
stalling (e.g., getting stuck on) on lesser goals. Over time,
the software agent learns to avoid negative actions and
perform positive actions. For example, 1n the context of an

Al taking an order from a customer, the AI may present a
recommendation, such as, “Would you like extra cheese”,
“Would you like to add a bottle of cola?” or the like. If the
customer accepts the recommendation, then the software
agent may be rewarded (e.g., add 1 to cumulative reward).
If the customer rejects the recommendation, then the soft-
ware agent may be punished (e.g., subtract 1 from cumula-
tive reward). In this example, if the customer rejects more
than one recommendation, then the solftware agent may
adaptively provide fewer recommendation during the con-
versation with the customer. If the customer accepts a
recommendation, then the software agent may adaptively
provide additional recommendations during the conversa-
tion with the customer. In this way, the software agent adapts
to, during the conversation with the customer, whether the
customer 1s open to recommendations (e.g., upsells). The
environment i which the software agent operates may be
stated 1n the form of a Markov decision process (MDP),
because the RL algorithm may use dynamic programming
techniques.

RL builds on top of supervised models to improve dialog
policies based on overall reward for a complete conversa-
tion. For example, rewards may be higher (positive) for
success, lower (negative) for rejection, and neutral (zero) for
everything else. Based on the reward, the software agent
learns dialog policies at runtime by 1dentiiying a model for
the customer and adjusting actions (including responses to
the customer) based on the model. For example, upselling
may be based on brand and/or product specific upselling
rules that are set by each specific brand, store, or franchise.
The software agent may make decisions based 1n part on one
or more community models 1n which the software agent
learns user behavior associated with different groups to
which individual customers may belong. For example, the
groups may include groups defined by region (e.g., people
living 1n a particular geographic area tend to order X and Y
but not Z). The groups may include groups defined by
gender (e.g., males tend to order X and women tend to order
Y). The groups may include groups defined by age (e.g., 12
years old and under tend to order A, 13- to 19-year-old tend
to order B or C, 20- to 30-year-old tend to order D, and so
on). The software agent may make personalized model-
based recommendation based on learning user preferences
based on a customer’s previous order history.
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The systems and techniques described herein enable 1ndi-
vidual software agents to achieve a conversation that 1s
natural sounding and simulates conversing with a human
(rather than an Al). For example, the software agent may use
RL to determine if a customer 1s 1n a hurry or not 1n a hurry
(“relaxed”) and adapt the conversation accordingly. I the
soltware agent determines that the customer 1s 1n a hurry to
place an order, the soitware agent may reduce a verbosity
level and provide fewer options, fewer upsell recommenda-
tions, and the like. If the customer 1s relaxed and engaged
with the software agent, then the customer may find eflicient
and task-oriented dialog monotonous. In such situations, the
solftware agent may increase (or at least not reduce) a
verbosity level, provide options, provide recommendations,
and the like. The software agent may use RL to adapt to a
comiort level of the customer 1n conversing with an Al. For
example, customers that have had relatively few conversa-
tions with an Al may be uncomiortable conversing with an
Al In such situations, the Al may help customers by guiding
them step-by-step (e.g., “You can say things like . . . ) to
place an order, even 1f the resulting conversation 1s not a
human-like conversation. For customers that are comiort-
able conversing with an Al (e.g., have previous experience
interacting with an Al), the software agent may not provide
step-by-step 1nteraction instructions. In such situations, the
soltware agent may provide more personalized dialog to the
customer. The software agent may use RL to determine the
customer’s cost sensitivity and adapt the conversation
accordingly. For example, the software agent may determine
that the customer 1s cost sensitive, e.g., the customer asks
“What can I get for $X7?7, “Can you recommend something
less expensive?” or the like. For a cost sensitive user, the
conversation (including upselling) may be adjusted to pro-
vide value within a particular budget. For a non-cost sensi-
tive user, the software agent may provide recommendations
(1including upselling) that may not be constrained by cost. In
such situations, the software agent may adjust the conver-
sation to provide recommendations that work well within the
overall order and provide a better food experience for the
customer. For example, the recommendations may include
an 1tem that 1s frequently purchased with other 1tems that the
customer 1s purchasing, an item that the restaurant or busi-
ness has previously identified as pairing well with other
items that the customer 1s purchasing, or the like.

The systems and techniques described herein determine a
type of customer based on the words the customer uses, the
speed of the delivery of the words, the inflection and pitch
of the words, one or more emotions conveyed by the words,
other information, or any combination thereof. The type of
customer 1s used to determine a user model. The systems and
techniques use the user model and a conversation state to
adapt, 1n real-time, the dialog flow and recommendations.
By gaining a deeper understanding of the customer, the
systems and techniques are able to improve the entire user
experience when placing an order. The systems and tech-
niques focus on three areas: (1) when to recommend (e.g.,
based on urgency detection and the like), (2) what to
recommend (e.g., based on cost-sensitivity and the like), and
(3) verbosity level that balances naturalness (e.g., chattiness)
with step-by-step guidance. The dialog 1s adapted using
reinforcement learning in which a point 1s added (reward) or
subtracted (punishment) based on whether a recommenda-
tion 1s provided or not provided, whether the provided
recommendation 1s accepted or rejected, an urgency level
(e.g., reward 1f customer praises fast order taking, punish 1f
customer complains about slow process of placing an order),
and cost sensitivity (does customer express gratitude or
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displeasure for individual items, total order cost, or both).
The systems and techniques may weight dialog naturalness
(e.g., chatty) and step-by-step instructions (e.g., guided). A
task completion reward may be associated with whether a
recommendation was accepted or rejected, a number of turns
in the conversation (one complete turn 1s the customer
speaking followed by a response from the software agent),
an urgency level of the customer (1n a hurry or relaxed), and
a proficiency of the customer 1n terms of interacting with an
Al

As a first example, a server performs a method. The
method 1ncludes receiving, by an artificial intelligence
engine executing on the server, an utterance from a cus-
tomer. The utterance 1s included 1n (e.g., part of) a conver-
sation between the artificial intelligence engine and the
customer. The method includes converting the utterance to
text. The method includes determining a customer intent
based on the text and a user history. For example, the
customer intent may include at least one of: (1) imtiating an
order, (2) adding an 1tem to a cart, (3) deleting the item from
the cart, (4) moditying the item 1n the cart, (5) requesting,
addition information regarding a menu 1tem, (6) indicating
that the customer has completed the order, (7) providing
payment for an order, or (8) any combination thereof. The
user history may include: an order history associated with
the customer, a conversation history of the conversation, and
user feedback previously provided by the customer. The
order history may include one or more items ol a current
order that have been placed 1n a cart and previously ordered
items Irom one or more previous orders. The method
includes determining a user model of the customer based on
the text and the customer intent. The method includes
updating a conversation state associated with the conversa-
tion based on the customer 1ntent and the user model. The
method includes determining a user state based on the user
model and the conversation state. The method includes
selecting, using a remnforcement learning based module
executing on the server, a particular action from a set of
actions. The particular action includes a dialog response.
The method includes providing, by the artificial intelligence
engine, the response to the customer. The method may
include determining, based at least in part on the user state
and the conversation state, a reward for the reinforcement
learning based module. The reward may be one of a positive
reward, a negative reward, or a neutral reward. For example,
the reward may be the positive reward when the text
includes a recommendation indication of an acceptance of a
recommendation, an emotion mdication ol a positive emo-
tional state, a number of turns in the conversation (e.g.,
number of turns less than a predetermined amount), or any
combination thereof. As another example, the reward may
be the negative reward when the text includes a recommen-
dation indication of a rejection of a recommendation, an
emotion i1ndication of a negative emotional state, a clarifi-
cation request, a number of turns in the conversation, or any
combination thereof.

As a second example, a server includes one or more
processors and one or more non-transitory computer read-
able media to store instructions that are executable by the
one or more processors to perform various operations. For
example, the operations may include receiving, by an arti-
ficial intelligence engine executing on the server, an utter-
ance from a customer. The utterance 1s included in a con-
versation between the artificial intelligence engine and the
customer. The operations include converting the utterance to
text and determining a customer intent based on the text and
a user history. The operations include determiming a user
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model of the customer based on the text and the customer
intent and updating a conversation state associated with the
conversation based on the customer intent and the user
model. The user model may include one or more of: an
urgency level of the customer, a comifort level associated
with the customer 1n conversing with the artificial intelli-
gence engine, a cost sensitivity of the customer, or any
combination thereol. The operations include determiming a
user state based on the user model and the conversation
state. The operations may include determining, based on one
or more of the utterance, the customer intent, the user
history, the user model, the user state, or any combination
thereof, an urgency level associated with the customer, and
adjusting a verbosity of a reinforcement learning based
module based on the urgency level. For example, the ver-
bosity may be decreased when the urgency level 1s high. The
operations may include determining, based on one or more
of the utterance, the customer intent, the user history, the
user model, the user state, or any combination thereof, a
comiort level of the customer 1n conversing with the artifi-
cial intelligence engine, and adjusting the reinforcement
learning based module based on the comfort level. For
example, the reinforcement learming based module may
provide the customer with conversing suggestions based on
determining that the comiort level 1s below a threshold. The
operations may include determining, based on one or more
of the ufterance, the customer intent, the user history, the
user model, the user state, or any combination thereot, a cost
sensitivity of the customer, and adjusting the reinforcement
learning based module based on the cost sensitivity. For
example, adjusting the reinforcement learning based module
based on the cost sensitivity may include: recommending
lower cost menu 1tems when the cost sensitivity 1s high, and
recommending higher cost menu 1tems when the cost sen-
sitivity 1s low. The operations include using the reinforce-
ment learning based module to select a particular action
from a set of actions, the particular action including a
response and providing, by the artificial intelligence engine,
the response to the customer. In some cases, the remforce-
ment learning based module may include an epsilon-greedy
random algorithm that picks: a current best option a thresh-
old percentage of times, and a random option having a low
probability at remaining times.

As a third example, a memory device may be used to store
istructions executable by one or more processors 1o per-
form various operations. The operations include receiving,
by an artificial intelligence engine executed by the one or
more processors, an utterance ifrom a customer. The utter-
ance 1s included 1n a conversation between the artificial
intelligence engine and the customer. The operations include
converting the utterance to text and determining a customer
intent based on the text and a user history. The customer
intent may include one or more of: imtiating an order, adding
an 1tem to a cart, deleting the 1tem from the cart, moditying
the item 1n the cart, requesting addition information regard-
ing a menu 1tem, indicating that the customer has completed
the order, paying for an order, or any combination thereof.
The user history may 1nclude: (1) an order history associated
with the customer, (2) a conversation history of the conver-
sation, and (3) user feedback previously provided by the
customer. The operations include determining a user model
ol the customer based on the text and the customer intent.
The operations include updating a conversation state asso-
ciated with the conversation based on the customer intent
and the user model. The conversation state may include one
or more of: (1) 1items 1ncluded 1n a cart associated with the
customer, (2) a conversation history of the conversation
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including (1) a previous utterance of the customer and (11) a
previous response provided by the artificial intelligence
engine, (3) the text, (4) a recommendation history including
(1) current recommendation provided in the conversation and
(1) previous recommendations provided 1n previous conver-
sations, (5) an average emotional sentiment associated with
the conversation, or any combination thereof. The opera-
tions include determining a user state based on the user
model and the conversation state. The operations include
selecting, using a remnforcement learning based module
executed by the one or more processors, a particular action
from a set of actions. The particular action includes a
response. The operations include providing, by the artificial
intelligence engine, the response to the customer. The opera-
tions may 1nclude determining, based at least 1in part on the
user state and the conversation state, a reward for the
reinforcement learning based module. The reward may be
one of (1) a positive reward, (2) a negative reward, or (3) a
neutral reward. The remnforcement learning based module
may 1mplement an epsilon-greedy random algorithm that
picks a current best option a threshold percentage of times
and a random option having a low (e.g., epsilon) probability
at remaining times.

FIG. 1 1s a block diagram of a system 100 that includes
a server to host software, according to some embodiments.
The system 100 includes a representative employee-assis-
tance point-of-sale (EA-POS) device 102, a customer device
104, and one or more server(s) 106 connected to each other
via one or more network(s) 108. The server 106 may include
an Al engine(s) 110 (e.g., a machine learning algorithm), a
natural language processing (NLP) pipeline 112, and a
soltware agent 116.

A customer 142 may use the customer device 104 to
initiate a order to a commerce site, such as a restaurant 132.
A restaurant 1s used merely as an example and 1t should be
understood that the systems and techniques described herein
can be used for other types of commerce, such as ordering
groceries, ordering non-perishable items and the like. In
some cases, a human employee may receive the order and
the Al engine(s) 110 may monitor the conversation 111,
including utterances 115 of the customer 142 and responses
113. The utterances 1135 are the raw audio as uttered by the
customer 142. Initially, the responses 113 may be from a
human employee of the restaurant 132. The Al engine(s) 110
may determine which 1tems from a menu 140 of the restau-
rant 132 the customer 142 is ordering. The Al engine(s) 110
may monitor the conversation 111 between the customer 142
and the employee and automatically (e.g., without human
interaction) modily a cart 126 hosted by the EA-POS device
102. In other cases, a human employee may receive the
order, the Al engine(s) 110 may monitor the conversation
between the customer 142 and the employee, and monitor
what the employee enters into the EA-POS device 102. The
employee entries may be used as labels when traiming the Al
engine(s) 110 and various machine learning (ML) models 1n
the NLP pipeline 112. The Al engine(s) 110 may keep a
running track of an order context 120 associated with each
particular order. The order context 120 may include order
data associated with previously placed orders by the cus-
tomer 142, trending 1tems 1n a region in which the customer
142 1s located, specials/promotions (e.g., buy one get one
free (BOGO), limited time specials, regional specials, and
the like) that the restaurant 132 1s currently promoting (e.g.,
on social media, television, and other advertising media),
and other context-related information. The order context 120
may include user preferences, such as gluten allergy, vegan,
vegetarian, or the like. The user may specily the preferences
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or the Al engines 110 may determine the preferences based
on the customer’s order history. For example, 11 the customer
142 orders gluten-iree products more than once, then the Al
engines 110 may determine that the customer 142 1s gluten
intolerant and add gluten intolerance to the customer’s
preference file. As another example, 1f the customer 142
orders vegan or vegetarian items (or customizes menu 1tems
to be vegan or vegetarian) then the Al engines 110 may
determine that the customer 142 1s vegan or vegetarian and
add vegan or vegetarian to the customer’s preference file.
The cart 126 may include other information as how the order
1s to be fulfilled (e.g., pickup or delivery), customer address
for delivery, customer contact information (e.g., email,
phone number, etc.), and other customer information.

The customer 142 may use a payment means, such as a
digital wallet 128, to provide payment data 130 to complete
the order. In response, the restaurant 132 may initiate order
tulfillment 134 that includes preparing the ordered 1tems for
take-out, delivery, or m-restaurant consumption. Such con-
versations between human employees and customers may be
stored as conversation data 136. The conversation data 136
1s used to train a software agent 116 to take orders from
customers 1 a manner similar to a human employee, such
that the customers may be unaware that they are interacting,
with the software agent 116 rather than a human employee.

Subsequently (e.g., after the software agent 116 has been
trained using the conversation data 136), when the customer
142 uses a customer device 104 to mitiate a communication
to the restaurant 132 to place an order, the communication
may be routed to the software agent 116. The customer 142
may have a conversation 111 that includes utterances 115 of
the customer 142 and responses 113 by the soitware agent
116. In most cases, the conversation 111 does not include an
employee of the restaurant. The conversation may be routed
to a human being under particular exception conditions,
such as due to an 1inability of the software agent 116 to
complete the conversation 111 or the like.

The conversation 111 may include voice, text, touch
input, or any combination thereof. For example, in some
cases, the conversation 111 may include the voice of the
customer 142 and the responses 113 of the software agent
116 may be vocalized (e.g., converted into a synthesized
volice) using text-to-speech technology. The conversation
111 may include text input and/or touch input 1n which the
customer 142 enters order information using a website, an
application (“app”), a kiosk, or the like. One or more of the
utterances 115 may result in the server 106 sending a cart
update 124 to update a cart 126 at the point-of-sale device
102. The Al engine(s) 110 may determine (e.g., predict)
recommendations 114 that the software agent 116 provides
in the responses 113 as part of the conversation 111. For
example, the recommendations 114 may be based on 1tems
that the customer 142 has previously ordered, items that are
currently popular in the customer 142°s region (e.g., zip
code, city, county, state, country, or the like), and the like. To
determine 1tems that the customer 142 previously ordered,
the Al engine(s) 110 may determine an identity of the
customer 142 based on, for example, an 1dentifier (e.g., a
phone number, an Internet protocol (IP) address, caller
identifier, or the like) associated with the customer device
104, voice recognition, facial recogmition (e.g., in the case of
a video call), or another identifying characteristic associated
with the order initiated by the customer device 104.

After the customer 142 has completed an order, the
customer 142 may provide payment data 130, for example
using an account (e.g., bank account, credit card account,
debit card account, gift card account, or the like) stored 1n a
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digital wallet 128. The payment data 130 may be sent to the
point-of-sale device 102 to complete a checkout process for
the cart 126. After the payment data 130 has been recerved
and the payment data processed, the restaurant 132 may
initiate order fulfillment 134, such as preparing the items 1 5
the order for take-out, delivery, in-restaurant dining, or the
like.

Thus, the system 100 includes an automated ordering
system to enable customers to mitiate and complete an order
using voice, written text, or commands entered via a user 10
interface (Ul) provided by a website, an application (“app™)
or the like. The system 100 1s configured to enable the
interactions between human customers and software agents
116 to be natural and human-like to such a degree that the
human customers may conclude that they interacted with a 15
human rather than a software agent. Thus, in so far as
ordering food from a restaurant 1s concerned, the software
agents 116 may pass the Turing test. The soltware agents 116
engage 1 human-like conversations in which the software
agents 116 exhibit flexibility 1n the dialog. The software 20
agents 116 are trained, based on the conversation data, to
have an understanding of complex natural language utter-
ances that take into account the nuances of oral and written
communications, ncluding both formal communications
and informal commumnications. The term ‘utterance’ may 25
include anything spoken or typed by a customer, including
a word, a phrase, a sentence, or multiple sentences (includ-
ing incomplete sentences that can be understood based on
the context).

The system 100 includes a voice ordering system that 30
takes the utterances 115 of a customer 142 and processes the
utterances 115 through the Natural Language Processing
(NLP) pipeline 112 (also referred to as a Natural Language
Understanding (NLU) pipeline). The output of the NLP
pipeline 112 are used by the server 106 to select: (1) a next 35
one of the responses 113 that the soiftware agent 116 pro-
vides the customer 142 1n the conversation 111 and (2) the
cart updates 124 to update the cart 126.

The systems and techniques described herein provide a
data-driven approach to the NLP pipeline 112. The conver- 40
sation data 136 includes hundreds of thousands of conver-
sations between a human customer and a human employee
and 1s used to train a supervised machine learning model
(e.g., the software agents 116) to make the responses 113 of
the software agents 116 as human-like as possible. The 45
conversation data 136 includes human-to-human conversa-
tions used to train a domain specific language model (e.g.,
the software agents 116). The systems and techniques
described herein take advantage of newly available language
models that provide a greater capacity for leveraging con- 50
textual mformation over the utterances 115 (e.g., a word, a
phrase, a sentence, or multiple sentences including 1ncom-
plete sentences).

Thus, an Al engine may be used to listen 1n on conver-
sations between customers and human employees. The Al 55
engine may automatically populate and modify a cart asso-
ciated with an order that each customer 1s placing. The Al
engine may automatically provide recommendations to the
human employees on up-selling (e.g., adding items, 1ncreas-
ing a size of ordered items, or both). The conversation data 60
between customers and human employees may be stored to
create a database of conversations associated with, for
example, ordering food at a restaurant or another type of
commerce site. The database of conversation data may be
gathered over multiple months or years and used to traimn a 65
machine learning algorithm, such as a software agent, to
automatically take an order from a customer as 1f the
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customer was having a conversation with a restaurant
employee. For example, given a conversation context and an
utterance from the customer, the soitware agent determines
and verbalizes (e.g., using text-to-speech) an appropriate
and automated response using a natural language processing
pipeline.

FIG. 2 1s a block diagram 200 of the natural language
processing (NLP) pipeline 112 of FIG. 1, according to some
embodiments. The NLP pipeline 112 may receive the utter-
ances 1135 of the customer 142 (e.g., from the customer
device 104 of FIG. 1). The NLP pipeline 112 may process
audio data 205 that includes at least a portion of the
utterances 115 using a speech-to-text 206 to convert the
audio data 203 to text 207. For example the utterances 115
may be “I would like 2 large pizzas with pepperon1 and
mushrooms.”

The order context 120 may include an interaction history
222 between the software agent 116 and the customer 142,
a current cart state 224, and a conversation state 226. The
interaction history 222 may include interactions between the
customer 142 and one of the software agents 116, including
the utterances 115 of the customer 142 and the responses 113
of the software agent 116. The cart state 224 identifies a state
of the customer’s cart including, for example, items 1n the
cart, how many of each 1tem 1s 1n the cart, a price associated
with each 1tem, a total price associated with the cart, whether
payment has been received (e.g., whether the cart has been
through check out), a most recent change (e.g., addition,
subtraction, or modification) to one or more items 1n the cart,
other cart related information, or any combination thereof.
The conversation state 226 may indicate a state of the
conversation between the customer 142 and the software
agent 116, such as whether the conversation 1s 1n progress or
has concluded, whether the customer 142 1s asked a question
and 1s waiting for a response from the software agent 116,
whether the software agent 116 has asked a question and 1s
waiting for a response from the customer 142, a most recent
utterance from the customer 142, a most recent response
from the software agent 116, other conversation related
information, or any combination thereof.

The utterances 115 are provided by the customer 142 that
has contacted the restaurant 132 of FIG. 1 to place an order.
The utterances 115 are 1n the form of the audio data 205. The
speech-to-text 206 converts the audio 205 into text 207. The
text 207 1s processed using an NLP post processor 208 that
makes corrections, 1f applicable, to the text 207 to create
corrected utterances 211. For example, the text 207 may
include an mcorrect word that 1s plausible in the context and
multiple similar sounding words may be equally plausible.
The NLP post processor 208 may make corrections by
identifying and correcting one or more incorrect words 1n
the text 207 to create corrected utterances 211. After the
NLP post processor 208 processes the text 207, the corrected
utterances 211 are sent to the encoder 210.

The order context 120, including the interaction history
222, the cart state 224, and the conversation state 226, are
provided to the encoder 210 1n the form of structured data
209. The structured data 209 includes defined data types that
cnable the structured data 209 to be easily searched.
Unstructured data 1s raw text, such as “two pizzas with
sausage and pepperon1”. Structured data may use a struc-
tured language, such as JavaScript Object Notation (JSON),
Structured Query Language (SQL), or the like to represent
the data. For example, “two pizzas with sausage and pep-
peron1’” may be represented using structured data as:
{“Quantity”: 2, “Item”: “Pizza”, “Modifiers”: [“Pepperoni”,
“Sausage”]}. In structured data 209, each data item has an
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identifier or some {fixed structured meaning and 1s not
subject to natural language meaning or interpretation. The
order context 120 captures where the customer 142 and the
soltware agent 116 are in the conversation 111 (e.g., what
has already been said), what 1tems are in the cart 126, and
the like.

The encoder 210 of the NLP pipeline 112 receirves the text
207 (1n the form of the corrected utterances 211) and the
structured data 209 as input and predicts an utterance vector
212. For example, the encoder 210 may use word2vec, a
two-layer neural net, to process the text 207 to create the
utterance vector 212. The mput to the NLP pipeline 112 1s
a text corpus and the output 1s a set of vectors, e.g., feature
vectors that represent words 1n that corpus. The encoder 210
thus converts the text 207 into a numerical form that deep
neural networks can understand. The encoder 210 looks for
transitional probabilities between states, e.g., the likelithood
that two states will co-occur. The NLP pipeline 112 groups
vectors of similar words together 1n vector space to identify
similarities mathematically. The vectors are distributed
numerical representations of features, such as menu items.
(Given enough data, usage, and contexts during training, the
encoder 210 1s able to make highly accurate predictions
about a word’s meaning based on past appearances. The
predictions can be used to establish the word’s association
with other words (e.g., “man” 1s to “boy” what “woman’ 1s
to “girl”), or cluster utterances and classily them by topic.
The clusters may form the basis of search, sentiment analy-
s1s, and recommendations. The output of the encoder 210 1s
a vocabulary in which each item has a vector attached to 1it,
which can be fed into a deep-learning net or simply queried
to detect relationships between words. For example, by
using cosine as a similarity measure, no similarty 1s
expressed as a 90-degree angle, while total similarity 1s a
0-degree angle, complete overlap.

The encoder 210 may include a pre-trained language
model 232 that predicts, based on the most recent utterances
115 and the current order context 120, (1) how the cart 126
1s to be modified and (2) what the software agent 116
provides as a response, e.g., dialog response 220. The
encoder 210 1s a type of machine learning model for NLP
that 1s a model pre-trained directly from a domain specific
corpora. In some cases, the encoder 210 may use a Bidirec-
tional Encoder Representations from Transformers (BERT),
¢.g., a transformer-based machine learning technique for
natural language processing (NLP), to predict the utterance
vector 212. The encoder 210 may be a language model 232
that converts the text 207 of the utterances mto a vector of
numbers. The language model 232 may be fine-tuned to a
specific domain, €.g., to ordering at a restaurant and that too,
at a specific type of restaurant (e.g., pizza, wings, tacos,
etc.). The tramning 1s based on the conversation data 136 that
has been gathered over time between customers and employ-
ces who enter data in the EA-POS 102. The employee
entered data may be used as labels for the conversation data
136 when training the various machine learning models
described herein. The language model 232 associates a
specific utterance, e.g., “I want chicken wings”, with a
specific action, e.g., entering a chicken wing order into the
EA-POS 102. The language model 232 predicts what 1tems
from the menu 140 are to be added to the cart 126 (e.g.,
based on one or more actions associated with the utterance
115) and which items are to be removed from the cart 126,
quantities, modifiers, or other special treatments (e.g., prepa-
ration instructions such as “rare”, “medium”, “well done” or
the like for cooking meat) associated with the items that are
to be added and/or removed. In some aspects, the encoder
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210 may be implemented as a multi-label classifier. Modi-
fiers may include, for example, half pepperoni, half sausage,
double cheese, and the like. In some cases, the language
model 232 may be structured hierarchically, e.g., with pizza
at a high level and modifiers at a lower level. Alternately, the
language model 232 may use a flat system with every
possible combination as a unique item.

The utterance vector 212 may be used by three classifiers
(e.g., a type of machine learning algorithm, such as a support
vector machine or the like), including the dish classifier, the
intent classifier 213, and the dialog model 218. For example,
the utterance vector 212 may be used by the dish classifier
214 to predict a multiclass cart delta vector 216. The
multiclass cart delta vector 216 1s used to modily the cart
126. For example, 1n the cart delta vector 216, the first
position may indicate a size of the pizza, e.g., 1=small,
2=medium, 3=large, the second position may indicate a type
of sauce, e.g., O0=no sauce, 1=1st type of sauce, 2=2nd type
of sauce, the third position may indicate an amount of
cheese, e.g., O0=no cheese, 1=normal cheese, 2=extra cheese,
3=double cheese, and the remaining positions may indicate
the presence (e.g., 1) or the absence (e.g., 0) of various
toppings, €.g., pepperomi, mushrooms, onions, sausage,
bacon, olives, green peppers, pineapple, and hot peppers.
Thus, 3, 1, 1, 1, 0, 0, 0, O, 0, 0, 0, 0) 1s a vector
representation of a large pizza with the first type of sauce, a
normal amount of cheese, and pepperoni. If the utterances
115 includes “I’d like double cheese”, then the wvector
representation may change to (3, 1,3, 1, 0, 0, 0, 0, 0, 0, O,
0), resulting 1n a corresponding change to the cart 126. Of
course, this 1s merely an example and other vector repre-
sentations may be created based on the number of options
the restaurant oflers for pi1zza size, types of sauces, amount
of cheese, toppings, and the like.

The encoder 210 outputs the utterance vector 212 which
a dialog model 218 uses to determine a predicted dialog
response 220. For example, based on the order context 120
and the most recent utterances 1135, the encoder 210 may
determine the predicted response 220. The predicted
response 220 1s a prediction as to what a human employee
would say at that point in the conversation (e.g., order
context 120) based on the customer’s most recent utterances
115. The encoder 210 1s trained using the conversation data
136 to predict the dialog response 220 based on the utter-
ances 115 and the order context 120. The software agent 116
converts the predicted dialog response 220 to speech using
a text-to-speech converter 228. The dialog model may use
dialog policies 236, candidate responses 238, and the order
context 120 to predict the dialog response 220. For example,
if the customer 142 states that they would like to order a
burger, an appropriate response may be “what toppings
would you like on that burger?” In some cases, a natural
language generation (NLG) post processor 240 may moditly
the output of the dialog model 218 to create the dialog
response 220. For example, the NLG post processor 240
may modily the dialog response 220 to include local collo-
quialisms, more informal and less formal dialog, and the
like. The NLG response 1s the translation of the dialog
response 220 into natural language.

During training of the machine learning model used to
create the software agents 116, the human-to-human con-
versations in the conversation data 136 of FIG. 1 are labelled
to fine tune the language model 232, as described in more
detail 1n FIG. 5. The utterances 115 and the order context
120 (e.g., contextual language information and current cart
information up to a given point time) are encoded (e.g., into
the utterance vector 212) to provide the cart delta vector 216
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(c.g., a delta relative to the cart 126) as well as the next
predicted dialog response 220. The cart delta vector 216
identifies the steps to update the cart 126. The codified delta
over the cart indicates the steps to update the cart 126 and
1s the label that the human operator creates when handling
the conversation that afterwards becomes the training data-
set. For example, the encoder 210 i1s able to associate a
specific utterance of the utterances 115, such as “I want
chicken wings”, with a specific action, e.g., entering a
chicken wing order into the cart 126. The encoder 210
predicts what 1tems should be added to the cart 126 (e.g.,
based on the action associated with the utterance) and which
items should be removed from the cart 126, and any asso-
ciated quantities. In some aspects, the encoder 210 may use
a multi-label classifier, such as for example, decision trees,
k-nearest neighbors, neural networks, or the like. In a
multi-label classifier, modifiers may include, for example,
half-pepperoni, half-sausage, double cheese, and the like. In
some cases, the order may use hierarchical structures, with
cach particular type of order, such as pizza, wings, taco, or
the like, at a highest level and modifiers at a lower level in
the hierarchy. For example, pizza may be at the highest level
while half-pepperoni, half-sausage, double cheese, and the
like may be at a lower level. In other cases, the order may
use a ftlat system with every possible combination as a
unique item. For example, (a) half-pepperoni may be a first
item, (b) half-sausage may be a second item, (c) double
cheese may be a third item, (d) halt-pepperoni and hali-
sausage may be a fourth item, (e) half-pepperonm, hali-
sausage, and double cheese may be a fifth 1tem, and so on.

The intent classifier 213 takes the utterance vector 212 as
input and creates an intent vector 242 that represents
intent(s) 244 of the utterances 115. Thus, the intent classifier
213 creates the intent vector 242 that i1s a representation of
the customer’s intent 1n the utterances 115. The intent vector
242, along with the utterance vector 212, 1s used by the
dialog model 218 to determine the dialog response 220. The
dialog model 218 uses the utterance vector 212 and the
intents 244 to create the dialog response 220. The dialog
model 218 predicts the dialog response 220, the response
that the software agent 116 to the utterance 115. In contrast,
in a conventional voice-response system, the system uses a
finite state machine. For example, 1n a conventional system,
alter each utterance, the system may ask for a confirmation
“Did you say ‘combo meal’? In the system of FIG. 2, a
predictive model predicts the dialog response 220 based on
the utterance 115 and the order context 120.

The dish classifier 214 predicts which items from the
menu 140 the customer 142 1s ordering and modifies the cart
126 accordingly. For example, in the utterance “Can I have
2 pizzas with pepperoni, 6 chicken wings, but no salad”, the
dish classifier 214 determines which parts of this utterance
refers to pizza. The dish classifier 214 model understands the
history, e.g., there 1s a salad already 1n the cart (e.g., because
it 1s included with chicken wings), and predicts the cart delta
vector 216 to reflect how many pizzas and how many wings
are there 1n the cart 126. The prediction of the dish classifier
214 indicates what 1s being added to and what 1s being
deleted from the cart 126. Thus, based on the utterances 115
and the order context 120, the NLP pipeline 112 predicts the
cart 126 and the dialog response 220. One or more of the
classifiers 213, 214, 218 may use multiclass classification, a
type of support vector machine. The intent classifier 213
determines intent(s) 244 of the utterances 113, e.g., 1s the
intent 244 a menu-related question (e.g., “What toppings are
on a Supreme pizza?” or a modification (*“I'd link a large
pepperom pizza”) to the cart 126.
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In some aspects, the menu 140 of the restaurant 132 of
FIG. 1 may be represented as an ontology 250 (e.g., a set of
menu items 1n the menu 140 that shows each menu item’s
properties and the relationships between menu items). In
some aspects, the ontology 250 may be represented 1n the
form of a vector. e.g., each type of pizza may have a
corresponding vector representation. In some aspects, the
menu representations may be generated from unlabeled data,
to enable the NLP pipeline 112 to handle any type of
information related to ordering, dishes, and food items.

The utterances 1135 are used as mput to the NLP pipeline
112. The utterances 115 may be in the form of a concat-
cnated string of a set of previous utterances. The amount of
utterances 1135 provided to the NLP pipeline 112 may be
based on how much latent knowledge of the conversation
state 226 1s desired to be maintained. The greater the amount
of utterances 115, the better the conversation state 226. The
utterances 115 may be a word, a phrase, a sentence, or
multiple sentences (including incomplete sentences) that the
customer 142 provides to the software agent 116 at each turn
in the conversation. For example, an example conversation
may include:
<agent>“Welcome to XYZ, how can I help you?”
<customer>“1"d like to order a large pepperom pizza.”
<agent>“Got 1it. We have a promotion going on right now
where you can get an extra-large for just two dollars more.
Would vou be interested 1n getting an extra-large?” (end of
turn 1)
<customer>“Okay, give me an extra-large pepperon.”
<agent>“Got 1t. Would you like anything to drink?” (end of
turn 2)
<customer>“Iwo bottles of water please.”
<agent>“Got 1t. Anything else 1 can get for you? Dessert
perhaps?” (end of turn 3)
<customer>“No. That will do 1t.”
<agent>“Did you want this delivered or will you be picking
up?” (end of turn 4)
<customer>“Pickup.”
<agent>“Got 1t. Your total is $20.12. Our address for pickup
1s 123 Main Street. How would you like to pay?” (end of
turn 5)
<customer>“Here 1s my credit card information <info>.”
<agent>“Thanks. Your order will be ready in 20 minutes at
123 Main Street.” (end of turn 6)

In this conversation, the customer may be imtiating the
order from home, may be at a drive-through, or may be
talking to an automated (e.g., unmanned) kiosk in the
restaurant. There are a total of 6 turns i this example
conversation, starting with “I’d like to order a large pep-
peron1 pizza’, with each turn including the customer’s
utterances 115 and the agent’s response 220. The utterances
115 may thus include multiple sentences. In some aspects,
chunking splitting may be performed, resulting 1n more than
one representation corresponding to a unique utterance from
the user. In some cases, the audio of the utterances 115 may
be used as input, providing complementary features for
emotion recognition, estimation of willingness to talk to Al,
or for tackling 1ssues as sidebar conversations. The satisiac-
tion estimation based on vocal features also serves as a
signal for optimizing the dialog policy.

The iteraction history 222 includes contextual language
information, such as, for example, the N previous utterances
of the customer (N>0), the M previous responses from the
software agent 116 (M>0). The cart state 224 includes
current cart information. In some cases, a domain specific
ontology 2350 may be added as semantic representation of
items 1n the knowledge base (e.g., the conversation data
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136). The ontology 250 allows the encoder 210 to identily
specific entities with which to select the correct modification
to operate on the cart 126. The ontology 250 may be used to
facilitate the onboarding of new items or whole semantic
fields, alleviate the need for annotated data for each label
(e.g., the entries of the employee into the EA-POS 102), and
improve the performance of the NLP pipeline 112.

The encoder 210 creates the cart delta vector 216 that
includes corresponding actions to update the cart 126 based
on the most recent (e.g., latest turn) of the utterances 115.
The cart delta vector 216 may be a vector, e.g., a sparse array
of numbers that corresponds to a state diflerence. For
example, for a cart that includes “Large Pepperoni Pizza”, 2
Liter Coke” and “Chicken Salad”, 11 the most recent utter-
ance 1s “A large coke, but remove the salad”, then the
encoder 210 may output [0, 1, —1]. In this way, both the
quantity and the intent to remove are encompassed.

The encoder 210 determines the utterance vector 212, a
numerical representation of each mput (e.g., the utterances
115 and the order context 120) based on the language model
232. The utterance vector 212 1s a type of encoding, e¢.g., a
set of symbols that represent a particular entity. For example,
in some aspects, the encoding may be an array of real
numbers, a vector (or a higher dimensional extension, such
as a tensor), that 1s generated by a statistical language model
from a large corpus of data. In addition to using the
conversation data 136, the encoder 210 may leverage an
additional corpus of data on multiple sites 234 (e.g., Wiki-
pedia and the like), such as food-related sites, thereby
ecnabling the encoder 210 to engage 1n specialized conver-
sations, such as food-related conversations. In some cases,
the encoder 210 may be trained to engage 1n conversations
associated with a particular type of restaurant, e.g., a p1zza
restaurant, a chicken wings restaurant, a Mexican restaurant,
an Italian restaurant, an Indian restaurant, a Middle Eastern
restaurant, or the like.

The dish classifier 214 may predict the cart delta vector
216 by passing the encoded representations 1n the utterance
vector 212 through additional neural dialog layers for clas-
sification, resulting 1 a sparse vector that indicates the
corresponding element(s) within all possible cart actions,
¢.g., a comprehensive array of labels of possible combina-
tions. The classifiers 213, 214, 218 may be trained using the
conversation data 136. The ontology 250 provides informa-
tion to precise the modifiers, relating cart actions that are
highly related such as adding two diflerent variations of the
same dish.

The utterances 1135 (e.g., representations of the conversa-
tion 111 of FIG. 1), along with the order context 120, may
be used as the mput to the encoder 210 to determine a
particular one of the dialog policies 236 to select the next
predicted response 220 of the software agent 116. Each
particular one of the dialog policies 236 may be used to
predict an appropriate response 220 from multiple candidate
responses 238. In some cases, the dialog model 218 may use
policy optimization with features such as emotion recogni-
tion, total conversation duration, or naturalness terms. The
dialog response 220 may be fed back to the dialog model
218 as contextual information. In some cases, multitask
learning algorithms that combine more than one similar task
to achieve better results may be used with the encoder 210
to enable the encoder 210 to learn important aspects of
language modeling that serve indirectly to the final down-
stream task, while allowing a controlled training process via
the design of the learning curriculum. The multiple and
auxiliary objective functions serve to leverage more error
signals during training, and make the model learn proper
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representations of the elements involved. Semantic and
structural information about the menu 140 1s encoded 1nto
the ontology 250 and used to inform the later layers of the
cart prediction system (e.g., dish classifier 214).

In some cases, curriculum learning may be used to design
the order with which tasks of different types or complexity
are fed to the encoder 210, the dish classifier 214, the intent
classifier 213, the dialog model 218, or any combination
thereof, to assist tackling different tasks or to perform
prolonged training. In addition, to improve extended training
processes, the systems and techniques described here may
use continual learning, in which the encoder 210, the dish
classifier 214, the intent classifier 213, the dialog model 218,
or any combination thereof, are retrained as new conversa-
tion data 1s accumulated. In some cases, the continual
learning may be performed with elastic weight consolidation
to modulate optimization parameters. For example, con-
tinual learning along with incremental learning may be used
for new classes, e.g., new dishes, sequentially adding them
to the objective though traiming the same model. Curriculum
learning 1s the process of ordering the training data and tasks
using logic to increase the improvement on the later, objec-
tive tasks. For example, the first tramning may include
auto-regressive loss, then sentence classification, and then a
more complex task. In this way, the model may be incre-
mentally improved instead of tackling directly a possibly too
complex task. One or more of the machine learning models
(e.g., 210, 213, 214, 218) in the NLP pipeline 112 may be
re-trained using newly gathered conversation data 136. For
example, the retraining may be performed to improve an
accuracy of the machine learning models, to train the models
for additional products (e.g., a pi1zza restaurant adds chicken
wings) or additional services (e.g., a pandemic causes the
introduction of curbside service as a variation of takeout).
The retraining may be performed periodically (to improve
accuracy) or in response to the itroduction of a new product
Or a New service.

FIG. 3 1s a block diagram 300 that includes an Al engine
to adaptively modily responses while interacting with a
customer, according to some embodiments. The conversa-
tion 111 between the customer 142 and the representative Al
engine(s) 110 may include utterances 115 from the customer
142 and one or more responses 113 of the Al engine(s) 110.
The Al engine(s) 110 may include multiple artificial intel-
ligence engines (e.g., machine learning algorithms), as
described herein.

The Al engine(s) 110 may receive the utterances 1135 and
use the speech-to-text module (ASR) 206 to convert the
utterances 115 to the text 207 that 1s sent to the natural
language pipeline (NLP) 112 and to a user model module
320. The NLP 112 determines an intent of the customer 142,
¢.g., determines what the customer 1s attempting to accom-
plish. For example, the NLP 112 may determine whether the
intent of the utterances 115 1s to order a new 1tem, edit an
existing item (e.g., an i1tem that 1s already in the cart 126 of
FIG. 1), accept or reject a recommendation made by the Al
engine(s) 110, or the like.

The NLP 112 may provide a customer intent 303 to a
dialog state tracking (DST) module 304. The customer intent
303 may include, for example, mitiate an order, add an 1tem
to the cart, delete an 1tem from the cart, modily an item in
the cart (e.g., add/delete pi1zza toppings and the like), ask for
more information about a menu 1tem, pay for the order (e.g.,
indicating that the order is complete), and the like. The
dialog state tracking module 304 keeps track of a current
dialog state by updating the dialog state based on the output

of the NLP 112. The DST module 304 may encode the
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current dialog state to indicate whether the state 1s an order
context, a selling context, an address context, a payment
context, or the like.

The DST module 304 may provide the current dialog state
to a conversation state module 226. The conversation state
module 226 may create a representation of the current dialog,
state (e.g., provided by the DST module 304). The repre-
sentation of the current dialog state may include information
associated with the conversation up to a current point 1n
time. The representation of the current dialog state 1s used as
one of the mputs to the Al engine(s) 110 to select a next
action (e.g., update the cart, provide clarification of a menu

item, provide an upsell recommendation, or the like).

The speech-to-text (ASR) module 206 may convert the
utterances 115 1nto the text 207 and provide the text 207 to
the user model 306. The user model 306 may be created
based on the text 207, the utterances 115, and a user history
302 (including sentiment history 305), if available. For
example, the Al engine(s) 110 may determine an i1dentity of
the customer 142 using facial recognition, voice recognition,
vehicle recognition, device recognition (e.g., based on an
International Mobile Equipment Identity (IMEI), internet
protocol (IP) address, serial number, device 1dentifier, or the
like associated with the customer device 104), login infor-
mation, or other technique and determine the user history
302 (e.g., including order history, preferences such as glu-
ten-free, vegetarian, and the like). The sentiment history 303
may indicate the emotional state of the customer 142 at each
turn 1n the conversation 111. One of the goals of the Al
engine(s) 110 may include causing the customer 142 to have
a positive emotional state in as many turns of the conver-
sation 111 as possible. The user history 302 may be imple-
mented as a database that includes each customer’s order
history, conversation history, user feedback (e.g., user rat-
ings of food 1tems and of restaurant), sentiment history 305,
and the like. The user model module 306 determines (e.g.,
selects) a user model for the customer 142 based on the
utterances 115, the conversation 111, and the like. The user
model for the customer 142 may be used to select a user state
308 that indicates whether the customer 142 has provided
one or more indications of urgency, one or more indications
of cost sensitivity, and the like. The user model 306 may
determine (e.g., select) a model associated with the customer
142 that includes an urgency level of the customer 142, an
emotion associated with the customer 142, a number of
interruptions performed by the customer 142, and a comifort
level conversing with an Al. The urgency level may be
selected from two (e.g., urgent or not urgent) or more (€.g.,
low, medium, high, unknown) levels. The emotion associ-
ated with the customer 142 may be positive (e.g., happy).
negative (e.g., unhappy), or neutral. The emotion of the
customer 142 may be noted at each turn in the conversation
to create a sentiment history. One of the goals of the Al
engines 110 1s to change any negative emotion to a positive
emotion and maintain the positive emotion for a remainder
of the conversation 111. The number of interruptions per-
formed by the customer 142 may be low (e.g., less than X,
X>0), medium (e.g., greater than X but less than Y, X>0,
Y>1), or high (e.g., greater than Y, Y>1). The comiort level
conversing with an Al may be low (e.g., customer is
provided guidance at nearly every step, e.g., “You can say
things like ‘I want to order a medium pizza and list the
toppings’”’), medium (e.g., customer 1s occasionally pro-
vided guidance), high (e.g., customer 1s not provided guid-
ance), or unknown. The user model 306 may use machine
learning and/or deep learning such as a multitask classifi-
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cation model based on supervised training data that is
collected using a loop/feedback mechanism, the conversa-

tion data 136, and the like.

The user state 308, the conversation state module 226, and
possible actions 310 may be provided as mput to a dialog
policy module 320. The possible actions 310 include pos-
sible actions that can be taken by the Al engine(s) 110, such
as, for example, modifying the cart 126, confirming a
request to modily the cart 126, clarifying a menu 1tem,
providing one or more recommendations (e.g., upselling), or
the like. The dialog policy module 320 may use the user state
308 and the conversation state 226 to select one or more
(next) actions 316 from the possible actions 310. For
example, given the conversation state 226 and the user state
308, there may exist a finite number of actions from the
possible actions 310 that can be selected. The dialog policy
module 320 may determine which actions 312 are selected
from the possible actions 310. The actions 312 may include
the dialog response 220 to provide to the customer 142, one
or more actions to be performed to the cart 126 (e.g., add to
the cart, delete from the cart, modily an item in the cart,
request payment, mitiate order fulfillment, and the like). The
dialog policy module 320 may include a reinforcement
learning-based module that takes an environment state (e.g.,
the conversation state 226 and the user state 308) as input
along with a set of possible actions 310. For the current
environment state and the set of possible actions 310, the
dialog policy module 320 learns rewards, such as a reward
318 provided by a reward prediction module 316 and
predicts one or more actions 312 that have a highest possible
potential reward (e.g., using an epsilon greedy random
algorithm) most of the time but randomly selects the actions
312 some of the time (e.g., even when the actions 312 that
might not provide the highest potential reward given current
learnt values). The epsilon-greedy random algorithm picks a
current best option (“greedy”) most of the time and picks a
random option with a small (epsilon) probability at other
times.

The dialog policy module 320 may use deep reinforce-
ment learning (RL) where a policy 1s a prediction that 1s
modeled as a single class classification problem to predict
one or more of the actions 312 based on the mnputs (e.g., the
user state 308, the conversation state 226, and possible
actions 310). The actions 312 may be predicted randomly
from the possible actions 310 with a probability of epsilon
for the model to explore and select the predicted actions 312.
The dialog policy module 320 may be trained using super-
vised training algorithms based on human and/or machine
annotated data. At runtime, mini-batches of training data
may be created based on state-action pairs along with actual
reward 319 and used to retrain (e.g., fine tune) the dialog
policy module 320.

The dialog policy module 320 may use the user state 308
and the conversation state 226 as inputs. The user state 308
1s the output of the user model 306 and models the customer
142 (e.g., urgency, comiort level conversing with an Al, cost
sensitivity, and the like). The reward 318 may be positive,
negative, or neutral. A positive reward may be provided
when the customer 142 accepts a recommendation, does not
ask for clarification, indicates an improved emotion (e.g.,
uses positive and/or words of excitement), or the like. A
negative reward may be provided when the customer 142
rejects a recommendation, asks for clarification, uses nega-
tive words, or the like. A neutral reward may be provided for
all other cases. The dialog policy module 320 may use a
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supervised learning model that 1s based on pre-defined user
models, pre-defined user states, and pre-defined conversa-
tion states.

The actions 312 associated with the dialog response 220
are sent to a natural language generation 314 module to

generate a natural language response which 1s sent to the
text-to-speech (1TS) module 228 to generate the (audible)
response 113 that 1s provided (e.g., via a speaker or other
transducer) to the customer 142 as part of the conversation
111. The customer 142 provides a next of the utterances 115
and the Al engine(s) 110 processes the next utterances 1135
as described herein. Based on the new customer input (e.g.,
the next utterances 1135) and the previous action predicted by
the Al engine(s) 110, the actual reward 319 for the previous
actions 312 1s calculated by the reward prediction module
316. For example, 1f the actions 312 predicted by the dialog
policy module 320 1s a recommendation and the customer
142 accepted the recommendation (e.g., 1n the next utter-
ances 115), then the reward 319 1s positive. If the actions 312
predicted by the dialog policy module 320 1s a recommen-
dation that the customer 142 rejected (e.g., in the next
utterances 115), then the reward 319 1s negative. If the
customer 142 requests a human agent, then the reward 319
1s negative. The dialog policy module 320 uses the reward
318, the user state 308 state, the conversation state 226, and
the previously predicted actions 312 to learn and adjust the
policy prediction during runtime, in real-time. the Al
engine(s) 110 may determine an actual reward 319 based on
the utterances 115, text 207, user state 308, and conversation
state 226. To 1illustrate, the dialog policy module 320 may
provide the response 113 (e.g., an upsell suggestion) based,
in part, on the predicted reward 318. The utterance 115 that
1s provided after the response 113 i1s used to determine the
actual reward 319. For example, 11 an upsell suggestion 1n
the response 113 was accepted, then the actual reward 319
1s positive and 1t the upsell suggestion was rejected, the
actual reward 319 1s negative. The dialog policy module 320
may use the actual reward 319 to modily (e.g., retrain) the
Al engine(s) 110. For example, if the customer 142 rejects
a recommendation, then the Al engine(s) 110 may receive
the negative reward 319 and learns from the negative reward
319. To 1illustrate, 11 the customer 142 rejects a high-priced
recommendation, then the dialog policy module 320 may
provide a lower-priced recommendation, modily the user
model 306 to a different model that indicates that the
customer 142 1s price-sensitive, or both.

Prior to being deployed with customers, the dialog policy
module 320 1s trained in a simulated environment that
includes simulated conversations (e.g., based on the conver-
sation data 136 of FIG. 1, conversations created by humans,
conversations generated by machine learning or any com-
bination thereof). After being deployed at a restaurant to
converse with customers, the dialog policy module 320
learns using real experiences, as illustrated in FIG. 3. Thus,
the dialog policy module 320 learns from both simulated
experiences and real experiences.

FIG. 4 1s a block diagram 400 that includes a machine
learning algorithm to modily a text-based representation of
one or more utterance(s), according to some embodiments.
The utterances 1135 are converted to the text 207 using the
speech-to-text 206 module. For example, the speech-to-text
206 module may use automatic speech recognition (ASR) or
a similar technology to transcribe the utterances 115 (e.g.,
raw audio data) into the text 207.

A text-to-audio 402 module converts the text 207 into an
audio representation 404. As a first example, the audio
representation 404 may be created using a text-to-speech
module, e.g., that pronounces the words 1n the text 207. As
a second example, the audio representation 404 may be a
spectrogram, with frequencies on a vertical (e.g., v) axis and
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time on a horizontal (e.g., X) axis. To illustrate, the audio
representation 404 may be a representation of the spectrum
of frequencies of the utterances 115 (e.g., 1n the time frame
in which the utterances 115 occurred). The spectrogram may
also be referred to as a sonograph, a voiceprint, or a
volicegram. As a third example, the audio representation 404
may be a phoneme vector, e.g., a vector that includes
multiple phonemes used to phonetically pronounce the text
207, e.g., wav2vec.

A difference module 406 may determine audio differences

408 between the utterances 115 and the audio representation
404, e.g., using one or more of a text-to-speech of the text
207, a spectrogram of the text 207, a phoneme vector, or any
combination thereof. For example, when using spectro-
grams, the difference module 406 may determine mel fre-
quency cepstral coellicients (MFCCs) between the utter-
ances 115 and the audio representation 404. Based on the
audio diflerences 408, the server 106 may determine zero or
more audio edits 410 to edit the text 207 to more closely
match the utterances 1135. For example, the text 207 may
include “pan tossed crust” and the audio edits 410 may edit
the text 207 to create “hand-tossed crust”.

The audio edits 410 may be provided to a machine
learning edit model 414. The text 207 i1s treated as a
hypothesis and provided as input to a text (e.g., hypothesis)
encoder 416. The audio edits 410 are provided as input to an
audio edit encoder 414. The text (e.g., hypothesis) encoder
416 1n the audio edit encoder 414 are used to provide 1nput
to a predicted utterances decoder 418. For example, 1n some
aspects, a bidirectional Gated Recurrent Unit (GRU) may be
used to implement one or more of: the audio edit encoder
414, the text (e.g., hypothesis) encoder 416, and the pre-
dicted utterances decoder 418. A GRU 1s a gating mecha-
nism 1n a recurrent neural network, similar to a long short-
term memory (LSTM) with a forget gate, but with fewer
parameters than the LSTM, because the GRU lacks an
output gate.

The predicted utterances decoder 418 outputs 1n edit
sequence 420. The edit action sequence 420 includes a
sequence of edit actions to be performed to the text 207 to
address the audio differences 408 between the utterances 115
and the audio representation 404. A re-ranking module 422
may perform a best candidate selection to create edited text
424. The edited text 424 may be output as the dialog
response 220. Examples of edit commands 1 the edit

sequence 420 are described 1n more detail 1n FIG. 7 (re-
place), FIG. 8 (insert), and FIG. 9 (delete).

The re-ranking module 422 determines a weighted
sum=[1st weight (¥ ,)]xbeam score+[2nd
welght ()] xsimilarity measure+|[3rd weight
(W3)|xgeneration likelihood

The beam score i1s a score that 1s proportional to a
probability of a particular edit action sequence. The simi-
larity measure 1s a measure of a difference between the text
207 and an edited result of a particular edit sequence
predicted by the ML edit model 414. The larger the simi-
larity measure, the smaller the differences. The similarity
measure may, for example, be expressed using a Jaccard
index, a Tanimoto index, or the like. The generation likel:-
hood 1s larger when the edited transcription 1s more likely to
be inferred from the utterances 115 (e.g., the original audio).

For example, assume the text 207="half hall pepperoni”.
Candidate 1:

Edit_actions_1=<DeleteOldKeepBetore>half
<DeleteNewKeepBelore>hall,
<DeleteEnd>

Edited_transcription_1="half pepperoni™

half,
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Beam score 1=0.3

Similarity_score_1=2

(Generation score 1=0.01

Candidate 2:

Edit_actions_2=<InsertOldKeepBelore>half
<InsertNewKeepBelore>hall cheese hall, <InsertEnd>

Edited_transcription_2="half cheese half pepperoni™

Beam_score_1-0.7

Similarity_score_1=1

(Generation _score 1=0.005

In this example, the re-ranking module 422 determines:

candidate_1=(0.3xW )+(2Zx W, )+(0.01xW;)=A

candidate 2=(0.7xW  )+(1xW,)+(0.005x W, )=B

If A>=B, then the re-ranking module 422 selects candi-
date_1. If A<B then the re-ranking module 422 selects
candidate 2.

Thus, the system of FIG. 4 1s used to edit the text 207 to
create the edited text 424. The speech-to-text 206 module
uses automatic speech recognition (ASR) to output the text
207, e.g., a hypothesis of the utterances 115. The purpose of
the system of FIG. 7 1s to have the edited text 424 approach
(c.g., become nearly 1dentical to) the utterances 1135. The
edited text 424 (e.g., edited hypothesis) 1s created by using
the edit sequence 420 (e.g., replace, insert, delete) to apply
a set of edit actions to remove errors (e.g., ASR errors) from
the text 207. Thus, the edited text 424 1s a function (F) of the
text 207 and the edit sequence 420:

F((text 207), (edit sequence 420))=edited text 424

To determine the edit sequence 420, the audio represen-
tation 404 1s created based on the text 207. The audio
representation 404 encodes (in an audio format) what the
text 207 (e.g., the ASR hypothesis) sounds like. The audio
representation 404 enables the difference module 406 to
determine the audio differences 408 between the utterances
115 and the audio representation 404. The audio diflerences
408 between the utterances 115 and the audio representation
404 represents the difference between the hypothesis (e.g.,
text 207) and what was recerved (e.g., the utterances 1135).
After determining the audio differences 408, the system of
FIG. 7 determines edit sequence 420 that 1s used to edit the
text 207 to create the edited text 424, where the edited text
424 1s closer to the utterances 115 than the text 207.

Thus, the text 207 (hypothesis) may have one or more
incorrect words that are plausible 1n the context of the other
words 1n the text 207. For each incorrect word 1dentified in
the text 207, one or more other words may be equally likely.
Additional context information 1s used to identify and cor-
rect the incorrect words. The additional context in FIG. 7 1s
the audio information, 1n the form of the audio representa-
tion 404 that 1s used to determine the audio differences.

In cases where there are multiple candidates, the re-
ranking 422 may be performed to adjust for multiple can-
didates, as 1llustrated 1n the example above with candidate_1
and candidate_2. Thus, the ML edit model 414 may generate
multiple edit sequences 420, thereby generating multiple
candidate edited-transcriptions. The re-ranking module 422
then selects the best candidate from a set of candidate
edited-transcriptions using the weighted sum, as described
in the example above. An advantage of the techniques
described herein (e.g., as compared to purely text-based
techniques) 1s that by accessing the audio differences 408,
differences in the pronunciation of words that are errors
generated by the speech-to-text 206 (ASR) may be 1dent-
fied. The audio representation 404 may be generated using
a text-to-speech mechanism, a spectrogram or a phoneme
vector (e.g., text to audio mapping).
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Depending on the type (e.g., audio representation 404 of
the output of speech-to-text 206, a spectrogram or a pho-
neme vector) of the audio representation 404, the difference
module 406 may use an appropriate technique to determine
the audio differences 408. For example, when comparing
two audio files (e.g., of 115 and 404), two audio frames are
compared, with each audio frame represented as a vector of
number. The audio differences 408 may be a difference
vector between the two vectors that represent the two audio
frames. As another example, when comparing two spectro-
grams (e.g., ol 115 and 404 ), the audio differences 408 may
include differences between Irequencies in each audio
frame. As vyet another example, when comparing two
embeddings, the audio differences 408 may include the
differences between each embedding. Each audio file can be
represented as an arbitrarily large vector space. The vector
space 1s constructed using a machine learning algorithm that
learns to map the audio or spectrogram to a fixed-sized
vector space. The resulting model generates a 1-to-1 map-
ping from a given audio or spectrogram to the vector space,

called the embedding. Two diil

crent audio files will not
share the same embedding. The embedding 1s designed such
that differences between two audio files (or two spectro-
grams) expressed 1n the embedding has a significant inter-
pretation. For example, the diflerences between two audio
files 1n the embedding used by the systems and techniques
described herein may roughly equal the differences between
phonemes 1n the audio files. In this way, equal phonemes
cancel each other out and what remains, are diflerent pho-
nemes that are components of different words.

The text (e.g., hypothesis) encoder 416 may be 1mple-
mented using any type of sequence encoder. In some
aspects, the text (e.g., hypothesis) encoder 416 1s 1mple-
mented using a bi-directional GRU. The audio edit encoder
414 may be mmplemented using any type of sequence
encoder. In some aspects, the audio edit encoder 414 1is
implemented using a bi-directional GRU. The predicted
utterances decoder 418 may be implemented using any type
of decoder of edit actions, such as a GRU. The data used to
train the ML edit model 414 may include audio (e.g., .wav
file) of the utterances 115 of multiple customers, the text 207
(e.g., the output of the speech-to-text 206 module), and the
edited text 424.

The audio edits 410 are used to create the edit sequence
420, e.g., a sequence of edit actions, such as isert, delete,
replace, and keep that are applied to the text 207 to correct
errors to create the edited text 424. For example, edit actions
Insert, Delete and Replace may be structured as:

<Action>[span of tokens]<ActionEnd>

Because replace simultaneously adds and removes con-
tent, replace may have a slightly different structure:

<ReplaceOld>[Span of old tokens]<ReplaceNew>[Span
of new tokens]|<ReplaceEnd>

Keep 1s done implicitly, to enable the edit model 414 to
learn what tokens to change, thereby simplifying the edit
actions to be performed. The edits are placed 1n the correct
positions using “anchors”, e.g., a minimum number of words
that identily a unique posmon in the sentence. For example,
the span of tokens used with ReplaceOld, InsertOld, and
DeleteOld may be umique across the text 207 and umquely
identify each edit location. The edit model 414 may itera-
tively search through unchanged tokens in the text 207
before and after the span, incorporating additional tokens
into the span, until the span becomes unique. The added
tokens are included 1n both components of the action. For
instance, if the last A 1s to be replaced with C 1n ABA, the
ReplaceOld span 1s BA and the ReplaceNew span 1s BC.

ABA—<ReplaceOld>BA<ReplaceNew>BC<Replace-
End>—ABC

The edit types may be augmented to diflerentiate between

various scenarios that may arise from the iterative search.
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For example, besides Replace, edit actions ReplaceKeepBe-
fore and ReplaceKeepAfter may be used to indicate that an
edit action includes retaiming some content before or after,
respectively. For similar reasons, the edit actions Insert-
KeepBelore, InsertKeepAfter, DeleteKeepBefore, and
DeleteKeepAfter may be used.

In the flow diagrams of FIGS. 5, 6, 7, and 8, each block
represents one or more operations that can be implemented
in hardware, software, or a combination thereof. In the
context of solftware, the blocks represent computer-execut-
able instructions that, when executed by one or more pro-
cessors, cause the processors to perform the recited opera-
tions. Generally, computer-executable instructions include
routines, programs, objects, modules, components, data
structures, and the like that perform particular functions or
implement particular abstract data types. The order in which
the blocks are described 1s not intended to be construed as
a limitation, and any number of the described operations can
be combined 1n any order and/or 1n parallel to implement the
processes. For discussion purposes, the processes 500, 600,
700, and 800 are described with reference to FIGS. 1, 2, 4,
and 4 as described above, although other models, frame-
works, systems and environments may be used to implement
this process.

FIG. 5 1s a flowchart of a process 500 that includes
determining a reward and adjusting an Al, according to some
embodiments. The process 500 may be performed by the Al
engine(s) 110 of FIGS. 1, 3, and 4.

At 502, the process may receive one or more utterances
from a customer. At 504, the process may convert the
utterances to text using automatic speech recognition (ASR).
For example, in FI1G. 3, the Al engine(s) 110 may recerve the
utterances 115 and convert the utterances to the text 207
using the speech-to-text (e.g., ASR) 206.

At 506, the process may determine an intent using a
natural language pipeline (NLP). At 508, the process may
update a conversation state based on the intent. At 510, the
process may select a user model based on the utterances,
text, conversation state, user history, or any combination
thereof. For example, mn FIG. 3, the Al engine(s) 110 may
determine an 1ntent of the utterances 115 using the NLP 112.
The Al engine(s) 110 may select the conversation state 226
based on the intent determined by the NLP 112. The Al
engine(s) 110 may select the user model 306 based on the
conversation state 226.

At 512, the process may determine a user state based on
the user model and a conversation state. At 514, the process
may select one or more actions, including a (dialog)
response, based on a predicted reward (e.g., predicted by an
RI-based Al), the user state, and the conversation state. At
516, the process may generate a response (€.g., using
text-to-speech) and provide the generated dialog to the
customer. For example, 1n FIG. 3, the Al engine(s) 110 may
determine the user state 308 based on the reward 318
(predicted by the reward prediction 316), the user model
306, and the conversation state 226. The Al engine(s) 110
may select the dialog response 220 based on the reward 318,
the user state 308, and the conversation state 226. The Al
engine(s) 110 may generate the response 113 based on the
dialog response 220 using the natural language generation
module 314 and the text-to-speech module 228.

At 518, the process may determine an actual reward (e.g.,
not the predicted reward) and adjust the Al engine accord-
ingly. At 520, the process may determine whether the
utterances indicate an end of the conversation. If the process
determines, at 520 that the utterances indicate the end of the
conversation, then the process may end. If the process
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determines, at 520, that the utterances indicate that the
conversation has not ended, then the process may proceed
back to 502 to receive one or more next utterances. For
example, 1n FIG. 3, the Al engine(s) 110 may determine an
actual reward 319 based on the utterances 115, text 207, user
state 308, and conversation state 226. To illustrate, the
dialog policy module 320 may provide the response 113
(e.g., an upsell suggestion) based, 1n part, on the predicted
reward 318. The utterance 115 that 1s provided after the
response 113 1s used to determine the actual reward 319. For
example, 11 an upsell suggestion in the response 113 was
accepted, then the actual reward 319 1s positive and if the
upsell suggestion was rejected, the actual reward 319 1s
negative. The dialog policy module 320 may use the actual
reward 319 to modily (e.g., retrain) the Al engine(s) 110. For
example, 11 the customer 142 rejects a recommendation, then
the Al engine(s) 110 may receive the negative reward 319
and learns from the negative reward 319. To 1illustrate, 11 the
customer 142 rejects a high-priced recommendation, then
the dialog policy module 320 may provide a lower-priced
recommendation, modity the user model 306 to a diflerent
model that indicates that the customer 142 1s price-sensitive,
or both. The Al engine(s) 110 may determine whether the
text 207 derived from the utterances 115 indicates the end of
the conversation 111. For example, 11 the customer 142 says
a word or phrase, such as, “That 1s 1t”, “How much will that
be?”, or the like, then the Al engine(s) 110 may determine
that the customer 142 1s ready to check out and will begin
a checkout process. As another example, 1f the customer 142
says a word or phrase, such as, “What dessert 1items do you
have?”, “Do you have iced beverages?”, or the like, indi-
cating that the customer 142 desires to order additional 1tems
or find out more information about the menu, then the Al
engine(s) 110 may determine that the customer 142 does not
desire to end the conversation 111 and will continue to
receive and process a next utterance 115.

Thus, an Al engine may converse with a customer to
receive an order and use remnforcement learning to adapt to
the customer 1n real time. Adapting to the customer may
include determining whether the customer 1s 1n a hurry by
(1) determining whether the customer’s choice of words
indicates urgency, (2) determining whether the customer 1s
cost sensitive based on the customer’s choice of words that
indicate that the customer has a limited budget or 1s other-
wise price conscious, and (3) determining the customer’s
comiort level conversing with an Al and adjusting the
verbosity of the output such that customers that are com-
fortable conversing with an Al may receive relatively non-
verbose responses from the Al engine while customers that
are mexperienced conversing with an Al may receive rela-
tively more verbose responses that imclude more step-by-
step 1nstructions on placing an order with an Al. In this way,
the Al 1s able to adjust to the particular characteristics of a
customer 1n real time, thereby providing a pleasing experi-
ence to the customer by adapting to the customer rather than
having the customer to adapt to the Al

FIG. 6 1s a flowchart of a process 600 that includes
determining a user model associated with a customer,
according to some embodiments. The process 600 may be
performed by the Al engine(s) 110 of FIGS. 1, 3, and 4.

At 602, the process may receive one or more utterances
from a customer. At 604, the process may determine an order
history of the customer. At 606, the process may determine
a conversation history of the customer. At 608, the process
may determine feedback provided by the customer. For
example, in FIG. 3, the Al engine(s) 110 may receive the
utterances 115, convert the utterances 115 to the text 207
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using the speech-to-text 206, and determine the user history
302 of the customer. For example, the Al engine(s) 110 may
use voice recognition, speech recognition, device recogni-
tion, login credentials, or another technique to determine an
identity of the customer 142 and retrieve the customer’s user
history 302. The user history 302 may include a conversa-
tion history of the customer 142 including previous conver-
sations with the Al engine(s) 110. The user history 302 may
include feedback provided by the customer 142. For
example, after placing an order with the Al engine(s) 110,
the customer 142 may be provided with a survey to provide
teedback. The feedback may include asking the customer
142 whether the Al engine(s) 110 was to verbose or not
verbose enough, whether the customer 142 was 1n a hurry
(e.g., urgent) and whether the Al engine(s) 110 was able to
discern the urgency of the customer 142, whether the
customer 142 was cost-conscious when providing a previous
order and whether the Al engine(s) 110 was able to discern
that the customer 142 was cost-conscious and provide
suitable recommendations.

At 610, the process may determine an urgency level of the
customer. At 612, the process may determine a current
emotional state of the customer. At 614, the process may
determine a number of interruptions caused by the customer.
At 616, the process may determine a comiort level of the
customer to converse with an Al. At 618, the process may
determine a user model associated with the customer. For
example, 1 FIG. 3, the text 207 may be used to select the
user model 306 based on the user history 302. The user
model 306 may be selected based 1n part on an urgency level
of the customer 142 (e.g., that 1s determined based on the
words 1n the utterances 115 and the text 207). The user
model 306 may be selected based 1n part on a current
emotional state of the customer 142. The emotional state
may be determined based on the type of words the customer
142 uses 1n the utterance 115. For example, 11 the utterance
115 includes words of anger (e.g., “No! That i1s not what I
said.”), frustration (e.g., “Can we move this [order process]
along?”), and the like, then the emotional state of the
customer 142 may be determined to be unhappy. If the
utterance 115 includes words of happiness (e.g., “Yes great
recommendation—please add that to my order.””), excite-
ment (e.g., “What you describe sounds tasty!”), Or the like,
then the emotional state of the customer 142 may be
determined to be happy. The user model may be selected 1n
part based on determining a comiort level of the customer
142 1n conversing with an Al. For example, the number of
pauses 1n the utterances 115, the length of each pause 1n the
utterances 115, the number of questions asked in the utter-
ances 115, and other information from the utterances 115
may be taken mto account to determine the comfort level of
the customer 142 1n conversing with an Al. The Al engine(s)
110 may use the emotional state, the number of interruptions
caused by the customer 142, the comiort level of the
customer, and the user history 302 to determine the user
model 306.

Thus, after receiving utterances from a customer, an Al
may analyze the utterances and a user history to determine
an emotional state of the customer, an urgency level of the
customer, and a comfort level of the customer to converse
with an Al. Based on the emotional state, the urgency level,
and the comiort level, the Al may select a user model that
reflects the customer’s current state. For example, assuming,
there are 3 emotional states, e.g., positive (e.g., happy),
negative (e.g., unhappy), or neutral, there are two urgency
levels, e.g., urgent or non-urgent, and three comiort levels,
¢.g., comiortable, not comiortable, or neutral/unknown. In
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this example, a total of 18 (=3x2x3) user models are
possible. Of course, 11 the emotional level, urgency level,
and the comiort level have a difference number of possi-
bilities, then the total number of user models may differ
proportionally. The Al may use the user model, along with
a current state of the conversation (e.g., conversation state),
to select one or more actions from a set of possible actions.

FIG. 7 1s a flowchart of a process 700 that includes
selecting a next action from a set of possible actions,
according to some embodiments. The process 700 may be
performed by the Al engine(s) 110 of FIGS. 1, 3, and 4.

At 702, the process may determine a current state of a
cart, including items present and customizations. At 704, the
process may determine a conversation history including a
number of turns 1n a current conversation. At 706, the
process may determine current utterances. For example, 1n
FIG. 3, the Al engine(s) 110 may determine a current state
of the cart 126, including 1tems (e.g., large supreme pizza)
that are present and customizations (e.g., double cheese,
extra olives) associated with each item. The Al engine(s) 110
may determine the user history 302 including the history of
the current conversation 111, including, for example, the
number of turns in the conversation 111, the number of times
the customer 142 has interrupted the responses 113 provided
by the Al engine(s) 110, the number of times the customer
142 has asked for additional information, and the like. The
Al engine(s) 110 may receive the current utterances 115 and
determine the text 207 content of the utterances 115.

At 708, the process may determine a history of the
conversation including a sentiment history. At 710, the
process may determine a recommendation history including
accepted recommendations (provided by the AI) and
rejected recommendations (provided by the AI). For
example, 1n FIG. 3, the Al engine(s) 110 may determine the
user history 302 that includes the sentiment history 305 of
the conversation 111 and the recommendation history. The
sentiment history 305 may indicate the emotional state of the
customer 142 at each turn in the conversation 111. One of the
goals of the Al engine(s) 110 may include causing the
customer 142 to have a positive emotional state in as many
turns of the conversation 111 as possible. For example, 11 the
customer 142 indicates a negative emotional state by using
words of anger or frustration, then the Al engine(s) 110 may
determine one or more actions 312 to change the emotional
state to a positive emotional state. The recommendation
history 1n the conversation 111 may include which recom-
mendations that the Al engine(s) 110 made were accepted by
the customer 142 and which recommendations were
rejected. The acceptance and the rejection of the recommen-
dations may be used to determine the actual reward 319, the
urgency level of the customer 142, the price sensitivity of the
customer 142, other characteristics of the customer 142, or
any combination thereof.

At 712, the process may determine a conversation state
(c.g., based on the above). At 714, the process may deter-
mine a user state (e.g., based on the above). At 716, the
process may select (e.g., based 1n part on a reward predicted
by an RL-based Al) next action(s) from a set of possible
actions. For example, in FIG. 3, the Al engine(s) 110 may
determine the conversation state 226 based on the informa-
tion gathered at one or more of 702, 704, 706, 708, 710 or
any combination thereof. The Al engine(s) 110 may deter-
mine the user state 308 based on the information gathered at
one or more of 702, 704, 706, 708, 710, or any combination
thereof. The Al engine(s) 110 may use the dialog policy
module 322 to select the actions 312 from the possible
actions 310 based, in part on the predicted reward 318, the
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user model 306, the user state 308, and the conversation state
226. For example, the dialog policy module 322 may use a
reinforcement learning based Al, such as an epsilon greedy
random algorithm, to select a best action (“greedy”) most of
the time and select a random option with a small (epsilon)
probability the remaining times.

Thus, various information associated with a customer,
including the current conversation history, previous conver-
sation history, conversation state, user state of a user model
associated with the customer, and the like, may be used to
select a next action from a set of possible actions. In some
cases, an epsilon greedy random algorithm may be used to
select a best action (“greedy”) most of the time and select a
random option with a small (epsilon) probability the remain-
ing times.

FIG. 8 1s a flowchart of a process 800 that includes
moditying an Al based on a reward, according to some
embodiments. The process 800 may be performed by the Al
engine(s) 110 of FIGS. 1, 3, and 4.

At 802, the process may receive one or more utterances
from a customer. At 804, the process may determine a user
state of the customer. At 806, the process may determine a
conversation state of a conversation with (e.g., between the
Al and) the customer. For example, in FIG. 3, the Al
engine(s) 110 may receive the utterances 115 from the
customer 142 and determine the conversation state 226, e.g.,
based on the user history and the user state.

At 808, the process may determine a reward. For example,
in FIG. 3, the Al engine(s) 110 may use the reward predic-
tion 316 to determine the reward 318. The reward 318 may
be one of a positive reward (e.g., because the customer
accepted a recommendation, used positive words, or the
like), a negative reward (e.g., because the customer rejected
a recommendation, asked for clarification, used negative
words, or the like), or neutral. Positive words may include,
for example, “good”, “excellent”, “awesome”, “interesting”,
or the like. Negative words may include, for example, “not
good”, “unappetizing”’, “unappealing”, or the like. Clarifi-
cation words may include, for example, “Please tell me more
about 1tem <item name>", “What 1s that?”, or the like. In
some cases, the positive reward may be +35 points, the
negative reward may be -5 points, and the neutral reward
may be zero. Of course, other reward systems may be used
instead of +5/-5/0 to fine tune the Al engine(s) 110.

At 810, the process may modily an artificial mtelligence
engine based on the reward. At 812, the process may
determine whether the utterances include an indication that
the conversation 1s complete. If the process determines, at
812, that the utterances indicate that the conversation 1s
complete, then the process may end the conversation. 11 the
process determines that the utterances indicate that the
conversation 1s incomplete, then the process may proceed to
8022 receive one or more next utterances. For example, 1n
FIG. 3, the Al engine(s) 110 may modity the dialog policy
module 320 based on the actual reward 319 as part of the
reinforcement learning algorithm by creating a small batch
of retraining data and retraining the dialog policy module
320 1n real time during the conversation 111 (e.g., before the
conversation 111 has ended). In this way (e.g., by retraining
the dialog policy module 320), the Al engine 110 1s able to
adapt, 1n real time, to the customer 142. For example, the
customer 142°s user history 302 may indicate that the
customer 142 1s normally (e.g., >Y % of the time, e.g.,
Y=80, 90, 95 or the like) not 1n a hurry. However, 11 the Al
engines 110 determine that utterances 115 indicate urgency,
then the dialog policy module 320 may adapt 1n real time to

the customer’s urgency by reducing the number of upsell
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recommendations, reducing a verbosity level, and the like.
As another example, the customer 142’°s user history 302
may indicate that the customer 142 1s normally (e.g., >Y %
of the time, e.g., Y=80, 90, 95 or the like) in a hurry.
However, 1f the Al engines 110 determine that utterances 115
indicate a lack of urgency, then the dialog policy module 320
may adapt 1n real time to the customer’s lack of urgency by
increasing the number of upsell recommendations, increas-
ing a verbosity level, and the like.

Thus, current utterances, a user state, and a conversation
state may be used to determine a reward for a reinforcement
learning (RL) based Al engine to enable the Al engine to
adapt to individual customers in real time. The Al may adapt
to a customer that 1s 1n a hurry and exhibits urgency 1n their
utterances by being less verbose. The Al may adapt to a
customer whose utterances indicate price sensitivity by
recommending more inexpensive options (e.g., from a “dol-
lar menu™ or similar menu targeting cost sensitive customs-
ers). The Al may adapt to a customer whose utterances
indicate that the customer 1s comiortable conversing with an
Al by reducing explanatory dialog responses. The Al may
adapt to a customer whose utterances indicate that the
customer 1s uncomiortable conversing with an Al by
increasing explanatory dialog responses. The Al may adapt
to a customer whose utterances indicate that the customer 1s
in a negative emotional state by providing dialog responses
to 1mprove change the emotional state from negative to
positive. For example, the Al may recommend a coupon, a
promotion, or ofler a discount on one or more items.

FIG. 9 1llustrates an example configuration of a device
900 that can be used to implement the systems and tech-
niques described herein, such as, for example, the customer
device 104 and/or the server 106 of FIG. 1. For 1llustration
purposes, the device 900 1s illustrated 1n FIG. 9 as imple-
menting the server 106 of FIG. 1.

The device 900 may 1nclude one or more processors 902
(e.g., CPU, GPU, or the like), a memory 904, communica-
tion interfaces 906, a display device 908, other input/output
(I/0) devices 910 (e.g., keyboard, trackball, and the like),
and one or more mass storage devices 912 (e.g., disk drive,
solid state disk drive, or the like), configured to communi-
cate with each other, such as via one or more system buses
914 or other suitable connections. While a single system bus
914 1s 1llustrated for ease of understanding, i1t should be
understood that the system buses 914 may include multiple
buses, such as a memory device bus, a storage device bus
(e.g., sertal ATA (SATA) and the like), data buses (e.g.,
umversal serial bus (USB) and the like), video signal buses
(e.g., ThunderBolt®, DVI, HDMI, and the like), power
buses, etc.

The processors 902 are one or more hardware devices that
may include a single processing unit or a number of pro-
cessing units, all of which may include single or multiple
computing units or multiple cores. The processors 902 may
include a graphics processing unit (GPU) that 1s integrated
into the CPU or the GPU may be a separate processor device
from the CPU. The processors 902 may be implemented as
One Or More miCroprocessors, microcomputers, microcon-
trollers, digital signal processors, central processing units,
graphics processing units, state machines, logic circuitries,
and/or any devices that mampulate signals based on opera-
tional mstructions. Among other capabilities, the processors
902 may be configured to fetch and execute computer-
readable 1nstructions stored 1n the memory 904, mass stor-
age devices 912, or other computer-readable media.

Memory 904 and mass storage devices 912 are examples
of computer storage media (e.g., memory storage devices)
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for storing instructions that can be executed by the proces-
sors 902 to perform the various functions described herein.
For example, memory 904 may include both volatile
memory and non-volatile memory (e.g., RAM, ROM, or the
like) devices. Further, mass storage devices 912 may include
hard disk drives, solid-state drives, removable media,
including external and removable drives, memory cards,
flash memory, tloppy disks, optical disks (e.g., CD, DVD),
a storage array, a network attached storage, a storage area
network, or the like. Both memory 904 and mass storage
devices 912 may be collectively referred to as memory or
computer storage media herein and may be any type of
non-transitory media capable of storing computer-readable,
processor-executable program instructions as computer pro-
gram code that can be executed by the processors 902 as a
particular machine configured for carrying out the opera-
tions and functions described 1n the implementations herein.

The device 900 may include one or more communication
interfaces 906 for exchanging data via the network 108. The
communication interfaces 906 can facilitate communica-
tions within a wide variety of networks and protocol types,
including wired networks (e.g., Ethernet, DOCSIS, DSL,
Fiber, USB etc.) and wireless networks (e.g., WLAN, GSM,
CDMA, 802.11, Bluetooth, Wireless USB, ZigBee, cellular,
satellite, etc.), the Internet and the like. Communication
interfaces 906 can also provide communication with exter-
nal storage, such as a storage array, network attached stor-
age, storage area network, cloud storage, or the like.

The display device 908 may be used for displaying
content (e.g., information and 1mages) to users. Other 1/O
devices 910 may be devices that receive various 1mputs from
a user and provide various outputs to the user, and may
include a keyboard, a touchpad, a mouse, a printer, audio
input/output devices, and so forth.

The computer storage media, such as memory 904 and
mass storage devices 912, may be used to store software and
data, including, for example, the classifiers 210, 213, 214,
218, the NLP pipeline 112, the order context 120, the
recommendations 114, and the software agents 116.

The example systems and computing devices described
herein are merely examples suitable for some 1implementa-
tions and are not mtended to suggest any limitation as to the
scope of use or functionality of the environments, architec-
tures and frameworks that can implement the processes,
components and features described herein. Thus, implemen-
tations herein are operational with numerous environments
or architectures, and may be implemented 1n general purpose
and special-purpose computing systems, or other devices
having processing capability. Generally, any of the functions
described with reference to the figures can be implemented
using soitware, hardware (e.g., fixed logic circuitry) or a
combination of these implementations. The term “module,”
“mechanism™ or “component” as used herein generally
represents software, hardware, or a combination of software
and hardware that can be configured to implement pre-
scribed functions. For instance, in the case of a software
implementation, the term “module,” “mechanism” or “com-
ponent” can represent program code (and/or declarative-
type 1structions) that performs specified tasks or operations
when executed on a processing device or devices (e.g.,
CPUs or processors). The program code can be stored in one
or more computer-readable memory devices or other com-
puter storage devices. Thus, the processes, components and
modules described herein may be implemented by a com-
puter program product.

Furthermore, this disclosure provides various example
implementations, as described and as illustrated in the
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drawings. However, this disclosure 1s not limited to the
implementations described and illustrated herein, but can
extend to other implementations, as would be known or as
would become known to those skilled 1n the art. Reference
in the specification to “one implementation,” “this 1mple-
mentation,” “these implementations™ or “some 1mplemen-
tations” means that a particular feature, structure, or char-
acteristic described 1s included 1n at least one
implementation, and the appearances of these phrases 1n
various places in the specification are not necessarily all
referring to the same 1implementation.

Although the present invention has been described 1n
connection with several embodiments, the invention 1s not
intended to be limited to the specific forms set forth herein.
On the contrary, 1t 1s mtended to cover such alternatives,
modifications, and equivalents as can be reasonably
included within the scope of the invention as defined by the
appended claims.

What 1s claimed 1s:

1. A method comprising:

recerving, by an artificial intelligence engine executing on
a server, an uftterance from a customer, the utterance
included 1n a conversation between the artificial intel-
ligence engine and the customer;

creating text based on the utterance;

determiming a customer ntent based on the text and a user
history;

determining a user model of the customer based on the
text and the customer intent, the user model 1dentify-
ng:

an urgency level of the customer;

a cost sensitivity of the customer;

a current emotion of the customer; and

a comiort level of the customer associated with convers-
ing with the artificial intelligence engine;

updating a conversation state associated with the conver-
sation based on the customer intent and the user model;

determining a user state based on the user model and the
conversation state;

selecting, using a reinforcement learning based module
executing on the server, a particular action from a set of
actions, the particular action including a response, the
particular action selected to cause the customer to
change a negative emotional state to a positive emo-
tional state and to maintain the positive emotional state
for a remainder of the conversation; and

providing, by the artificial intelligence engine, the
response to the customer.

2. The method of claim 1, further comprising:

determining, based at least 1n part on the user state and the
conversation state, a reward for the reinforcement
learning based module, wherein the reward comprises
one of a positive reward, a negative reward, or a neutral
reward.

3. The method of claim 2, wherein:

the reward comprises the positive reward when the text
includes a recommendation indication of an acceptance
of a recommendation, an emotion indication of a posi-
tive emotional state, a number of turns 1n the conver-
sation, or any combination thereof.

4. The method of claim 2, wherein:

the reward comprises the negative reward when the text
includes a recommendation indication of a rejection of
a recommendation, an emotion mndication of a negative
emotional state, a clarification request, a number of
turns 1n the conversation, or any combination thereof.
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5. The method of claim 1, wherein the user history

COmMprises:

an order history associated with the customer;

a conversation history of the conversation; and

user feedback previously provided by the customer.

6. The method of claam 5, wherein the order history

COmprises:

one or more 1items of a current order that have been placed
in a cart; and

previously ordered items from one or more previous
orders.

7. The method of claim 1, wherein the customer intent

comprises at least one of:

initiating an order;

adding an 1tem to a cart;

deleting the item from the cart;

modilying the item in the cart;

requesting addition mformation regarding a menu item;

indicating that the customer has completed the order;

paying for an order; or

any combination thereof.

8. A server comprising:

one or more processors; and

one or more non-transitory computer readable media
storing 1nstructions executable by the one or more
processors to perform operations comprising;:

receiving, by an artificial intelligence engine, an utterance
from a customer, the utterance included 1n a conversa-
tion between the artificial intelligence engine and the
customer;

converting the utterance to text;

determining a customer 1ntent based on the text and a user
history;

determining a user model of the customer based on the
text and the customer intent, the user model 1dentity-
ng:

an urgency level of the customer;

a cost sensitivity of the customer;

a current emotion of the customer; and

a comiort level of the customer associated with convers-
ing with the artificial intelligence engine;

updating a conversation state associated with the conver-
sation based on the customer intent and the user model;

determining a user state based on the user model and the
conversation state;

selecting, using a reinforcement learning based, a particu-
lar action from a set of actions, the particular action
including a response, the particular action selected to
cause the customer to:

change a negative emotional state to a positive emotional
state; and

maintain the positive emotional state for a remainder of
the conversation; and

providing, by the artificial intelligence engine, the
response to the customer.

9. The server of claim 8, further comprising:

determining, based on one or more of the utterance, the
customer intent, the user history, the user model, the
user state, or any combination thereof, a cost sensitivity
of the customer; and

adjusting the reinforcement learning based module based
on the cost sensitivity.

10. The server of claim 9, wherein adjusting the rein-

forcement learning based module based on the cost sensi-
t1vity comprises:

recommending lower cost menu items when the cost
sensitivity 1s high; and

recommending higher cost menu items when the cost
sensitivity 1s low.
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11. The server of claim 8, wherein the user model com-

prises one or more of:

an urgency level of the customer;

a comiort level associated with the customer 1n convers-
ing with the artificial intelligence engine;

a cost sensitivity of the customer; or

any combination thereof.

12. The server of claim 8, further comprising:

determining, based on one or more of the utterance, the
customer intent, the user history, the user model, the
user state, or any combination thereot, an urgency level
assoclated with the customer; and

adjusting a verbosity of the reinforcement learning based
module based on the urgency level, wherein the ver-
bosity 1s decreased when the urgency level 1s high.

13. The server of claim 8, further comprising;:

determining, based on one or more of the utterance, the
customer intent, the user history, the user model, the
user state, or any combination thereof, a comfort level
of the customer 1n conversing with the artificial intel-
ligence engine; and

adjusting the reinforcement learning based module based
on the comfort level, wherein the reinforcement learn-
ing based module provides the customer with convers-
ing suggestions based on determining that the comifort
level 1s below a threshold.

14. The server of claim 8, wherein:

the reinforcement learning based module comprises an
epsilon-greedy random algorithm that picks:

a current best option a threshold percentage of times; and

a random option having a low probability at remaining
times.

15. A memory device to store instructions executable by

one or more processors to perform operations comprising:

receiving, by an artificial intelligence engine executed by
the one or more processors, an utterance from a cus-
tomer, the utterance included 1n a conversation between
the artificial intelligence engine and the customer;

creating text based on the utterance;

determiming a customer ntent based on the text and a user
history;

determining a user model of the customer based on the
text and the customer intent;

updating a conversation state associated with the conver-
sation based on the customer intent and the user model,
the user model identifying:

an urgency level of the customer;

a cost sensitivity of the customer;

a current emotion of the customer; and

a comiort level of the customer associated with convers-
ing with the artificial intelligence engine;

determiming a user state based on the user model and the
conversation state;

selecting, using a remnforcement learning based module
executed by the one or more processors, a particular
action from a set of actions, the particular action
including a response, the particular action selected to
cause the customer to:

change a negative emotional state to a positive emotional
state; and

maintain the positive emotional state for a remainder of
the conversation; and

providing, by the artificial intelligence engine, the
response to the customer.

16. The memory device of claim 15, wherein the conver-

sation state comprises one or more of:

items included 1n a cart associated with the customer;
a conversation history of the conversation including a
previous utterance of the customer and a previous

response provided by the artificial intelligence engine;
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the text;

a recommendation history including current recommen-
dation provided in the conversation and previous rec-
ommendations provided 1n previous conversations;

an average emotional sentiment associated with the con-
versation; or

any combination thereof.

17. The memory device of claim 15, wherein the user

history comprises:

an order history associated with the customer;

a conversation history of the conversation; and

user feedback previously provided by the customer.

18. The memory device of claim 15, wherein the customer

intent comprises at least one of:

initiating an order;

adding an 1tem to a cart;

deleting the item from the cart;

moditying the item 1n the cart;
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requesting addition imnformation regarding a menu item;

indicating that the customer has completed the order;

paying for an order; or

any combination thereof.

19. The memory device of claim 15 further comprising:

determining, based at least 1n part on the user state and the
conversation state, a reward for the reinforcement
learning based module, wherein the reward comprises
one of a positive reward, a negative reward, or a neutral
reward.

20. The memory device of claim 15, wherein:

the reinforcement learning based module comprises an
epsilon-greedy random algorithm that picks:

a current best option a threshold percentage of times; and

a random option having a low probability at remaining
times.
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